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Abstract—In order to investigate the spatial–temporal variabil-
ity of land surface temperature (LST) spatial distribution in the
context of rapid urbanization, we introduced the multifractal
detrended fluctuation analysis (MFDFA) to the LST patterns in
Xiamen city and Xiamen Island, China, during 1994–2015. Results
reveal the almost same long-range dependence of the LST spatial
pattern both in Xiamen city and Xiamen Island. LST has a long
memory for a certain spatial range of LST values, such that a large
increment in LST value is likely to be followed by a large increment
in LST values of a certain spatial range. On the other hand, the
LST spatial pattern possesses a multifractal nature, which shows
an increasing trend over time as urbanization increased both in
the whole study area and in the Xiamen Island. The irregularity
of fractal structure exhibits a similar change from 1994 to 2015
in Xiamen city, as revealed by the multifractal spectrum with left-
hook shapes. However, the multifractal spectrums exhibit different
shapes for different study years in Xiamen Island, capturing the
evolution from right-hook shape to left-hook shape and finally to
a symmetrical shape. The difference in land surface change in
small spatial scale leads to the variation in multifractal parameters.
Meantime, differentiated from the previous study, we found that
this long-range dependence is probably influenced by the natural
factors, such as the local climate, atmospheric circulation, and any
other factors.
Index Terms—Land surface temperature (LST), long-range
dependence, multifractal detrended fluctuation analysis (MFDFA),
Xiamen city.
I. INTRODUCTION
A LTHOUGH urbanized land currently covers only approx-imately 2% of global land area, more than half of the
world’s population live in the urban environment [1]. Our world
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is urbanizing at an unprecedented speed. Urbanization trans-
forms natural vegetation and water covers to anthropogenic land
coverage [2]. It has been confirmed that these conversions af-
fect regional climate and cause climatologically phenomenon—
urban heat island effect (UHI), which leads to many negative
effects, such as increasing thermal discomfort, raising energy
consumption, and air pollution [3]–[5]. Consequently, the causes
and impacts of UHI and their qualitative and quantitative char-
acteristics have attracted increasing interest [6]–[10].
Satellite remote sensing provides the only viable option to
detect and monitor UHI from space in an efficient, affordable,
and timely manner. In recent decades, land surface temperature
(LST) derived from remote sensing data has been widely utilized
to analyze UHI characteristics, climate modeling, and global-
change monitoring studies on regional and global spatial scale
[11]–[13]. LST is one of the primary parameters controlling the
physical, chemical, and biological processes of the earth. A large
number of studies [14]–[17] have focused on the relationship
between LST and land use/cover and urban surface biophysical
composition, which contributes the understanding of the effects
of urbanization on UHI.
Although the correlation mentioned above has been studied
in connection with the increase in urbanization level, analyzing
and understanding how LST has been varying in spatial and
temporal dimensions is a prerequisite for these related studies.
However, the existing studies on LST dynamic mainly focused
on the depiction and quantitative temporal comparison of LST
spatial distribution or LST time series analysis over time [18].
This is not sufficient for quantitative measurement of LST
pattern. Developing new methods to effectively analyze LST
spatio-temporal variability is an important issue.
In fact, LST dynamic is a coupled natural–human–social–
economic–geographical complex system, which may seem frag-
mented and random, but they are geographical complexities with
self-similar characteristics. Furthermore, the spatial–temporal
variation of LST pattern is a complex question with both spatial
autocorrelation and spatial heterogeneity. LST patterns have an
extremely wide range of spatio-temporal scales, necessitating
the application of fractal theory into the analyses.
Fractal geometry, as one of the main methods of understand-
ing complexity, can characterize the rational mechanism of LST
patterns. There have been many studies on fractal characters of
temperature time series. For example, Jiang et al. [19] analyzed
multifractal phenomena of the daily air temperature and the
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surface temperature over China. However, 2-D fractal character-
istic has been rarely studied, especially for LST spatial pattern
[20].
The long-range power-law correlations have been discovered
in a remarkably wide variety of systems [21]. The detrended
fluctuation analysis (DFA) method has been introduced to qual-
ify scaling behaviors in many fields, invented by Peng et al.,
[22] to investigate the long-range dependence in coding and
noncoding DNA nucleotide sequence. Then, it was generalized
to study the multifractal nature hidden in time series [23], termed
multifractal DFA (MFDFA), which has been widely used in
various studies [24]. Gu and Zhou [25] successfully generalized
the 1-D DFA and MFDFA to a 2-D framework. Then, the 2-D
MFDFA has been applied widely, yielding correct results for a
2-D array and more in-depth information [26]–[28]. Niu et al.
[29] applied MFDFA to confirm the multifractal nature of the
flame images. Liu et al. [30] employed the MFDFA to reveal
the multifractal properties of the fracture surfaces of foamed
polypropylene/polyethylene blends at different temperatures.
Yadav et al. [31] employed it to characterize the LiF thin-film
morphologies. It has been recently realized that MFDFA can be
used not only to characterize the surface morphologies, but also
to reveal the long-range dependence of surfaces in 2-D.
The present study introduces 2-D MFDFA to LST spatial
patterns in the rapidly urbanizing subtropical city of Xiamen,
China, for a 21-year period from 1994 to 2015. LST spatial
distribution is first retrieved from Landsat TM/OLI/TIRS images
during 1994–2015 by the monowindow algorithm. The specific
objectives are
1) to investigate and compare the long-range dependencies in
the LST spatial pattern of Xiamen city and Xiamen Island;
2) to reveal and compare the multifractal features in the LST
pattern of Xiamen city and Xiamen Island; and
3) to explore the practical meaning of the multifractal
parameters.
II. METHODOLOGY
A. Study Area and Image Data
This study focuses on Xiamen city, a subtropical coastal city
in Fujian province, southeastern China. Since the early 1980s
when China began its economic reform, as one of the four
earliest established special economic zones in China, Xiamen
has been undergoing accelerated economic growth, urbaniza-
tion, industrial expansion, and population growth. With the
development of urbanization, it has been suffered from a degree
of uncomfortably hot in summer. It is expected to experience
further dramatic urbanization for the foreseeable future. The
city comprises Xiamen Island of two districts (Siming and Huli)
and four surrounding districts: Jimei, Haicang, Tong’an, and
Xiang’an (see Fig. 1). As the urban nucleus and the biggest island
in Xiamen city, Xiamen Island covers 158 km2, accounting for
about 9.3% of the Xiamen city’s area, but its population is
about 1.152 million (2018), accounting for 55.4% of the city’s
registered population. With the development of urbanization,
LST spatio-temporal patterns present many differences between
the both areas.
Fig. 1. Map of the Xiamen study area.
Five cloud-free Landsat TM/OLI/TIRS images that cover a
21-year period (acquired in 1994, 2000, 2004, 2010, and 2015)
were selected as the primary data for mapping LSTs in the
study area. The MODTRAN4-based FLAASH module of the
ENVI4.7 software is adopted to remove atmospheric influence.
An image-to-image registration among the five images was
carried out using a second-order polynomial transformation and
nearest neighbor resampling. The overall root mean square error
values are less than 15 m (0.5 pixels).
B. LST Derived
The Landsat thermal band was employed to derive LST. The
digital number (DN) of the raw images is first converted to at-
satellite spectral radiance (Lλ) as follows:
Lλ = gain×DN+ offset (1)
where gain is the slope of the conversion function, and offset is
the intercept of the conversion function, which are supplied in
the metadata of each TM/OLI/TIRS image.
The effective at-satellite temperature (TB) can then be ob-
tained from spectral radiance using the following equation under
an assumption of unity emissivity [32]:
TB =
K2
ln
(
K1
Lλ
+ 1
) (2)
where K1 and K2 are calibration constants supplied in the
metadata of the Landsat images. To obtain LST, TB has to be
corrected with emissivity (ε) as follows [33]:
LST =
TB
1 +
(
λ × TBρ
)
ln ε
(3)
ρ = h× c
σ
(4)
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where λ is the wavelength of the emitted radiance (11.5 μm),
h is Planck’s constant (6.626 × 10−34 Js), σ is the Boltzmann
constant (1.38 × 10−23 J/K), and c is the velocity of light (2.998
× 108 m/s). We use the normalized difference vegetation index
(NDVI) threshold method to obtain the parameter ε. Van de
Griend [34] reported that thermal emissivity ε is highly corre-
lated with NDVI after logarithmic transformation (correlation
coefficient of R2 = 0.9) and proposed the following empirical
relationship:
ε = 1.0094 + 0.047 ln (NDVI) . (5)
This formula is suitable when the NDVI is greater than 0.157.
According to Gong et al. [35], a land surface thermal emissivity
value of 0.923 is appropriate for land surfaces where the NDVI
is less than 0.157, and a value of 0.9925 is suitable for water
body thermal emissivity.
C. Multifractal Detrended Fluctuation Analysis
MFDFA were employed to explore the long-range depen-
dence and multifractal nature of LST spatial pattern, which can
be referred to the original source [25] for a detailed description
of the method. MFDFA has been widely used in various studies
[31].
Consider a 2-D surface that is denoted by array X(i, j),
i = 1, 2, …M and j = 1, 2, …N, the surface X(i, j) is
partitioned into Ms ×Ns(Ms = [M/s], Ns = [N/s]) disjoint
square segments of the same size s× s. Each segment can be
denoted by XV,W (i, j) = X(l1 + i, l2 + j), 1 ≤ i, j ≤ s, l1 =
(v − 1)s, and l2 = (w − 1)s. The cumulative sum uv,w(i, j)is
calculated as follows:
uv,w (i, j) =
i∑
k1=1
j∑
k2=1
Xv,w (k1, k2) (6)
where 1 ≤ i, j ≤ s.
The trend of the cumulative sum, u˜v,w, can be determined by
fitting it with the least square method. The residual matrix can
be obtained as
v,w (i, j) = uv,w (i, j)− u˜v,w (i, j) . vv (7)
The detrended fluctuation function of the segment Xv,w is
defined as follows:
F 2(v,w, s) =
1
s2
s∑
i=1
s∑
j=1
v,w(i, j)
2. (8)
The overall detrended fluctuation is calculated by averaging
over all the segments
Fq (s) =
{
1
MsNs
Ms∑
v=1
Ns∑
w=1
[F (v, w, s)]q
}1/q
(9)
where q can take any real value except for q = 0.
When q = 0
F0 (s) = exp
{
1
MsNs
Ms∑
v=1
Ns∑
w=1
ln [F (v, w, s)]
}
. (10)
TABLE I
STATISTICS OF MULTIFRACTAL PARAMETERS IN XIAMEN CITY
FROM 1994 TO 2015
Varying the value of s, the scaling relation between the de-
trended fluctuation function F(s) and the scale s can be obtained
Fq (s) ∼ s2h(q) (11)
where h(q) is the generalized Hurst exponent. The scaling expo-
nent h(q) is a nonlinear decreasing function of q for multifractals.
The h(q) represents the effect of different levels of fluctuations
on the function Fq(s), describing the scaling behavior of small
fluctuations in the LST pattern when q < 0 and that of large
fluctuations when q > 0. As q = 2, h(2) is the Hurst index,
describing the long-range dependence of the LST pattern. It
quantifies the relative tendency of LST spatial distribution either
to regress strongly to the mean or to cluster in a direction. The
mass exponent τ(q) can be obtained as
τ (q) = qh (q)−Df (12)
where Df is the fractal dimension of the geometric support of
the multifractal measure.
Finally, the singularity strength function a(q) and the sin-
gularity spectrum f(a) may be determined using Legendre’s
transformation [36]
a (q) =
dτ (q)
dq
and
f (a) = qa (q)− τ (q) (13)
where a is singularity exponent, describing the irregularity of
different fluctuation measures in the LST spatial pattern, and
f(a) is the fractal dimension under the specific singularity index.
The curve a ∼ f(a) constitutes the multifractal spectrum. The
shape and extension of f(a)curve contain significant informa-
tion about the LST spatial distribution. The spectrum width is
defined as Δa = amax − amin, where amin and amax mean the
singularity of maximum and minimum fluctuation measures,
respectively. The parameterΔa has been identified as the degree
of multifractality for singularity exponent.
III. RESULTS
A. MFDFA on LST Spatial Pattern in Xiamen City
The MFDFA is applied to obtain the scaling properties of
LST images for the study period of 1994–2015. As listed in
Table I, all the h(2) values are larger than 0.5, implying that there
is a strong positive long-range correlation in the LST pattern
during the study years. The long-range correlation property
signifies that LST fluctuations in small spatial intervals are
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Fig. 2. ln(s) ∼ ln(Fq(s)) graphs in Xiamen city during 1994–2015.
Fig. 3. Generalized Hurst exponents h(q) for q in Xiamen city.
positively correlated to fluctuations in larger spatial intervals.
This long-range dependence refers to the “long memory” or
internal correlation within the spatial LST pattern. In other
word, an increase (decrease) in the LST value will result in an
increase (decrease) in LST values of a different spatial scale.
This finding also suggests that the correlations between the LST
fluctuations do not obey the classical Markov-type stochastic
behavior (exponential decrease with space), but rather decay
with space in a slower fashion.
Next, q–h(q) curve is applied to check whether the LST spatial
pattern possesses a multifractal nature. The scaling relations
between the detrended fluctuation function F(s) and the scale
s for different q are shown in Fig. 2. The data points for
every q fall on a straight line, indicating a perfect power-law
scaling between F(s) and s, from which the generalized Hurst
exponent h(q) can be obtained. As illustrated in Fig. 3, the
h(q) exhibits a nonlinear relationship with q for all the study
years, highlighting the evident multifractal behavior in the LST
pattern. A series of scaling exponent are required to disclose
the LST spatial patterns. The width of h(q) curve (Δh(q) =
h(q)max − h(q)min) shows a measure of the multifractality and
indicates the deviation from monofractal behavior. A fluctuated
increasing trend of Δh values has been presented during the
study period, suggesting the increasing multifractality on the
whole from 1994 to 2015. The h(q < 0) describes the scaling
behavior of small fluctuations in the LST pattern, and h(q > 0)
Fig. 4. a∼f(a) graphs in Xiamen city during 1994–2015.
denotes that of large fluctuations. The curves of h(q < 0) are
scattered from 1994 to 2015.Conversely, h(q>0) gather together
except that of 2010. All those suggest that the scaling behavior of
small fluctuations varied larger. It is also observed that the large
fluctuations (positive q) appear to have smaller values of h(q)
than the small fluctuations. This is the usual case for multifractal
series.
The singularity exponent a describes the irregularity of dif-
ferent fluctuation measures in the LST spatial pattern. From
Table I, we can see that amin varies from 1.783 to 1.884, with
little change. However, amax is between 2.42 and 2.533, ex-
hibiting an increase from 1994 to 2015 on the whole. The width
Δa = amax − amin describes the range of fluctuation measures.
The greater the value, the wider the fluctuation distribution and
the more irregular the fluctuation in the LST spatial pattern. An
increase in Δa is observed from 1994 to 2015 on the whole,
with values between 0.535 and 0.711, indicating an increased
multifractality in the fluctuation of LST.
Fig. 4 shows the multifractal spectrum in Xiamen city from
1994 to 2015. In all cases, the spectrum has a left truncation and
a long right tail, suggesting the similar change in the irregularity
of fractal structure. The f(a) reaches to the maximum as q = 0,
whereas f(a) on the left of the maximum correspond to q > 0
and f(a) on the right of the maximum correspond to q < 0. It can
be seen that f(a) fluctuates more significantly at the side of q < 0
comparing with that at q > 0. This is attributed to the spatial
multifractal structure that is insensitive to the local fluctuations
with large magnitudes.
Multifractal analysis can describe the different fluctuations
in the LST spatial pattern by a series of fractal dimensions. The
f(amax) reflects the fractal dimension of the subset of minimum
fluctuation, and the f(amin) reflects that of the maximum fluc-
tuation. Thus, the Δf(a) = f(amin)− f(amax) can describe
the ratio between the regions where the fluctuation measure
distributes most maximum and most minimum. Positive Δf
means that the dataset is dominated by local fluctuations with
large magnitudes. As listed in Table I, the Δf was all positive,
indicating that local fluctuations with large magnitudes were
dominant during all the study period.
B. MFDFA on LST Spatial Pattern in Xiamen Island
Xiamen Island is the urban nucleus of Xiamen city, com-
prising two districts, namely Siming and Huli. It is the earliest
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TABLE II
STATISTICS OF MULTIFRACTAL PARAMETERS IN XIAMEN ISLAND
FROM 1994 TO 2015
Fig. 5. ln(s)∼ln(Fq(s)) graphs in Xiamen Island during 1994–2015.
urbanized area since the economic reforms of the early 1980s
and has witnessed rapid urban growth. Consequently, like many
hot subtropical cities, Xiamen Island suffers from a degree of
thermal discomfort in summer. In the following, the MFDFA
was applied to LST spatial distribution in Xiamen Island from
1994 to 2015.
As listed in Table II, all the h(2) values are greater than
0.5, indicating that LST distribution has a positive long-range
correlation in Xiamen Island, that is, the LST fluctuation is not
a random process, and there is a consistent change trend within
a certain scale (all increasing or decreasing). Fig. 5 shows the
log–log plots of Fq(s) versus s for q varying from −20 to 20 in
all the study years. From these plots, we can see that the linear
relationship can fit the curve of fluctuation functions well for
each q. This indicates that there exists a power-law function
relation between Fq(s) and q. Fig. 6 shows the generalized
Hurst exponents h(q) with varying moments q, respectively.
The exponents h(q) decrease with the increase in the moment q,
which indicates the presence of the strong multifractal behavior
in the LST spatial pattern. TheΔh values can be used to describe
the multifractality. We observe the increasing multifractality for
LST spatial distribution from 1994 to 2015, indicated by the
increasing Δh values (see Table II). Specifically, the scaling
behavior of the fluctuation subset with small magnitudes varied
large, indicated by the scatter curves of h(q < 0) from 1994 to
2015, however, that with large magnitudes varied little by the
gathered curves of h(q> 0) throughout the study period.
As listed in Table II, both parameters amin and amax are
increased on the whole from 1994 to 2015, ranging from
1.962 to 1.985 and from 2.054 to 2.109, respectively, indicating
the increased singularity of maximum and minimum fluctua-
tion measures. Correspondingly, the width Δa is observed to
Fig. 6. q∼h(q) graphs from 1994 to 2015 in Xiamen Island.
Fig. 7. a∼f(a) graphs in Xiamen Island during 1994–2015.
increase during the study period, with values between 0.075 and
0.13, which suggests an increased multifractality and spatial
heterogeneity in the LST fluctuation.
The shape and width of multifractal spectrum show the multi-
fractal nature of LST fluctuation subset of different magnitudes.
Multifractal spectrum f(a) is shown in Fig. 7. The multifractal
spectrums exhibit different shapes for different study years.
During the period of 1994–2004, it has shapes of right-hook,
and all the curves fluctuates more significantly at the side of
q> 0, indicating that the spatial multifractal structure is sensitive
to the local fluctuations with large magnitudes. Conversely, the
f(a) exhibits shape of left-hook in 2010, and it fluctuates more
significantly at the side of q < 0. In 2015, the f(a) exhibits
symmetrical shape. On the other hand, the width of multifractal
spectrum,Δf(a), is negative from 1994 to 2004, which suggests
that the frequency of the small fluctuation subset is larger than
that of the large fluctuation measure, and the LST data fluctuation
is more concentrated in the small fluctuation. In 2010, the Δf is
positive, indicating that local fluctuations with large magnitudes
were dominant in this year. It is about zero in 2015, showing
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the equal frequency distribution between the small fluctuation
subset and the large ones.
IV. DISCUSSION AND CONCLUSION
A. Long-Range Dependence in LST
Spatial–Temporal Variation
LST is a key parameter for the Earth’s energy budget. Under-
standing the spatial distribution and dynamic change in LST is
essential to monitor the energy balance and climate change of the
Earth. The long-range dependence suggests that an increase (de-
crease) in a physical variable will result in an increase (decrease)
in the physical variable of a different spatial scale, which implies
a self-similarity in the spatial variability of physical elements.
The existence of long-range correlation in the LST pattern can
help evaluating urban environment and modeling urban climate.
Urban thermal environment field is a nonlinear, nonequilib-
rium, complex adaptive system. The spatial pattern and differen-
tiation of LST may seem fragmented and random, but they are
geographical complexities with self-similar characteristics. A
series of scaling exponent are required to disclose the long-range
correlation in LST spatial patterns. The singularity exponent a
describes the irregularity of different fluctuation measures, in
which a can be used to locate different magnitudes of fluctuation
in the LST spatial pattern. This can provide references for
information recognition and extraction from thermal field and
thermal interpolation.
The almost same long-range dependence of LST spatial dis-
tribution has been uncovered for Xiamen city and Xiamen Island
throughout the study period from Section III, indicated by the
little difference in h(2). What factors have led to the similar LST
long–range dependence? Many previous studies have shown
that the LST pattern is strongly related to surface properties
[3], [14]–[17]. Urban thermal field is directly affected by the
complex land surface pattern and their thermal environment
process. We mapped the land use/cover change (LUCC) over
the study period using the maximum likelihood procedure, and
four types of LUCC (forest, cultivated, construction, and unuti-
lized) have been identified (see Fig. 8). Spatially, Xiamen has
experienced dramatic land use changes since the 1990s. It has
been transformed from an island city to a bay-like city during
the study period. Among the four LUCC types, construction land
increased most rapidly, from 137.5 km2 in 1994 to 469.6 km2
in 2015, which represents a 2.4-fold increase over the past 21
years, which was at the expense of the other land types. The
cultivated land declined most rapidly, from 36.8% to 24.1% of
the study area. Lin et al. [37] also found the large-scale land
surface change in Xiamen city. From 1995 to 2004, the urban
area of Xiamen Island increased from 58.90 to 85.10 km2. More
than half of the water area and one third of coastal wetland were
converted into urban areas. From 2004 to 2007, farmland and
coastal wetland became reduced by 37% and 39%, respectively,
as a result of urban sprawl. Many other research works [38], [39]
also report similar conclusions. Therefore, it can be concluded
that LUCC is not the dominant factor controlling the similar
long-range dependence of LST spatial patterns during the study
period.
Fig. 8. LUCC in Xiamen during 1994–2015.
LST is the result of a combination of natural factors (such as
rainfall, atmospheric circulation, and wind speed) and nonnat-
ural factors (such as impervious surface (IS), population, and
energy consumption). Xiamen is situated in subtropical Asian
monsoon system in the coast area of Southeastern China, where
the annual temperature, relative humidity, rainfall, and wind
speed are 21.4 °C, 82%, 2168.2 mm, and 2.7 m/s, respectively.
Therefore, LST in Xiamen differs from that of inland cities as
a result of the influence of, and modification by, the nearby
sea. Climate factors, especially sea-land wind, have a significant
mitigating effect on the urban heat island. We can conclude that
the natural factors, such as the local climate and atmospheric
circulation, and any other factors control the similar long-range
dependence of LST spatial patterns during the study period.
B. Practical Meaning of Multifractal Parameters in LST
Spatial–Temporal Variation
Different from the similar LST long-range dependence, it can
be seen obviously that there are many differences in multifractal
parameters between Xiamen city and Xiamen Island. The mul-
tifractality of Xiamen Island indicated by Δa is much smaller
than that of Xiamen city during the study period; the spatial
multifractal structure f(a) for Xiamen city is insensitive to the
local fluctuations with large magnitudes, and local fluctuations
with large magnitudes were dominant during all the study peri-
ods; however, some differences have been presented for Xiamen
Island. During the period 1994–2004, the spatial multifractal
structure is sensitive to the local fluctuations with large magni-
tudes, and the LST data fluctuation is more concentrated in the
small fluctuation. They are conversely in 2010 and 2015, and
the equal frequency distribution between the small fluctuation
subset and the large ones is presented. All these multifractal
parameters show the local differences of LST patterns during
the urbanization process of Xiamen city.
The large-scale urban land surface change, such as the increas-
ing of IS, determines the variation in multifractal parameters. As
a Special Economic Zone, Xiamen city planning had become
the most influential tool in guiding urban spatial development,
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Fig. 9. IS maps in Xiamen from 1994 to 2015.
resulting in increasing of IS. IS has been widely utilized to
quantify urban expansion and assess environmental impacts of
urbanization [2]. We mapped IS spatial distribution by linear
spectral mixture analysis. From Fig. 9, it is obvious that the IS
spatial pattern expanded gradually along the bay during the study
period, eventually matching the coastline. Xiamen Island, the
city’s main urban core, is the earliest urbanized area of Xiamen
city and IS began to increase on the west of Xiamen Island
since 1990s. From 1987 to 1995, the urban area of Xiamen
Island nearly doubled in size and kept increasing to 85.10 km2 in
2004 [37]. It reached saturation during 2004–2007. Since 2010,
built-up land (IS greater than 0.7) has become the dominant
landscape type in Xiamen Island. All these made the smaller
LST multifractality of Xiamen Island than Xiamen city. To
mitigate urban problems, the policy of expanding the urban space
outside the island was put forward, and Xiamen has entered to
the construction stage of gulf city. IS has grown rapidly outside
of Xiamen island. According to image statistics, the area of IS
(greater than 0.7) has increased from 144.07 km2 in 1994 to
347.8 km2 in 2015 by more than 2.4 times. Also, we calculated
IS trajectories to reveal its spatio-temporal variation progression
during the study period of 1994–2015. 20.96% of the study area
have transformed into build-up land [40]. Spatially, the IS grow
along the gulf, and the gulf-type IS pattern has been gradually
appeared from 1994 to 2015.
C. Conclusion
The MFDFA shows that the LST spatial pattern exhibits sim-
ilar long-range dependence for Xiamen city and Xiamen Island
during the study period of 1994–2015. An increase (decrease) in
the LST value will result in an increase (decrease) in LST values
of a different spatial scales. LST is the result of a combination
of natural factors (such as rainfall, atmospheric circulation, and
wind speed) and nonnatural factors (such as IS, population and
energy consumption). The natural factors, such as the local
climate, atmospheric circulation, and any other factors, control
the similar long-range dependence of LST spatial patterns during
the study period.
The nonlinear relationship between h(q) and q highlights
the multifractality in the LST distribution. The multifractality
of Xiamen Island is much smaller than that of Xiamen city.
For Xiamen city, the multifractal spectrums present similar
left-hook shapes from 1994 to 2015, and local fluctuations with
large magnitudes are dominant during all the study periods.
However, the multifractal spectrums exhibit different shapes
for different study years in Xiamen Island, from shapes of
right-hook during the period of 1994–2004 to left-hook shape in
2010 and a symmetrical shape in 2015. LST data fluctuation is
more concentrated in the small fluctuation from 1994 to 2004,
and local fluctuations with large magnitudes were dominant
in 2010. Up to 2015, the frequency distribution between the
small fluctuation subset and the large ones is uniform. All these
multifractal parameters suggest how the spatial heterogeneity of
the LST pattern varied with urbanization throughout the study
period. The land surface change results in the differences of
these multifractal parameters.
Many studies focus on the scale issue of UHI that exhibits
different characteristics and patterns on different times and spa-
tial scales. We introduce MFDFA into the LST spatio-temporal
variability for the first time. Once the long-range dependence
and multifractality in spatial–temporal dynamics of LST are
understood, the formation mechanism of UHI can be explored
better, and a wide range of strategies to reduce regional thermal
environment can be applied to urban planning. This would
facilitate the development of regional urban planning strategies
to minimize local temperature rise and improve quality of life
in future urban growth.
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